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Introduction
Roma are a unique minority in Europe. They have no historical homeland and are found in nearly all European countries. Current estimates suggest that seven to nine million Roma live throughout Europe, making them the largest minority in Europe. While some Roma groups are nomadic, the vast majority have settled in South East Europe, some during the AustrianHungarian and Ottoman empires, and others more recently under socialism (Revenga et al. 2002) .
The collapse of the socialist regimes in South East Europe created new opportunities for all citizens, including Roma. For the first time in decades, minorities were able to express their ethnic identity, participate in civil society, and engage in previously forbidden economic activities. But these gains have been offset by a dramatic reduction in opportunities in many respects. For many Roma, the collapse of the socialist system has led to an erosion of security in jobs, housing and other services, and in the absence of viable economic opportunities to increasing poverty.
Indeed, Milcher (2009) identified Roma as one of the main poverty risk groups in South East
Europe. Roma are both poorer than other population groups and more likely to fall into poverty and remain poor. The causes of Roma poverty are intertwined with many of the factors that are correlated with poverty throughout South East Europe, including low education levels, unemployment and large household sizes. The unfavourable starting point of Roma at the outset of the transition period -with low education levels and an overrepresentation among low skilled jobs -did also lead to disadvantages on the labour market.
Despite a general awareness of labour market discrimination against Rome in these countries, information on labour market discrimination is scarce, fragmented and often anecdotal.
Measurement problems are daunting and include undersampling in censuses and household surveys, the reluctance of many Roma to identify as Roma, and the incredible diversity of Roma groups and subgroups. One notable exception is the cross-country study of Roma poverty by Revenga et al. (2002) that provides evidence for labour market discrimination in Bulgaria, Hungary and Romania.
With this study we share the ambition to measure labour market discrimination against Roma in South East Europe, based on statistical decomposition analysis, first employed in demography by Kitagawa (1955) and later popularized by Oaxaca (1973) and Blinder (1973) in the economics literature. But we depart from this previous work in several major respects.
First, we note that Revenga et al. (2002) do not report standard errors or confidence intervals for the decomposition components. Indeed, it is hard to evaluate the significance of reported decomposition results without knowing anything about their sampling distribution. This motivates us to use a Bayesian approach to decomposition analysis, based upon Markov Chain Monte Carlo (MCMC) estimation. And this approach allows -without relying on asymptotic theory -to test the significance of characteristics and discrimination effects estimates. Variance estimates derived from MCMC estimation are known to reflect the true posterior variance when a sufficiently large sample of MCMC draws is carried out (Gelfand and Smith 1990) .
Second, in order to account for the impact of non-constant variance in the semi-log regression relationships 1 on the resulting inferences, we apply the improved Bayesian approach suggested by Keith and LeSage (2004) identified using a multifaceted approach, including questions on self-identification, interviewer identification, language and parents' language, and family name. Finally, it is worth noting that the focus of our study is on labour market discrimination against Roma individuals. Thus, the observation units are individuals and not households as in the above mentioned previous work.
The remainder of the paper is organised as follows. The section that follows briefly describes the standard Blinder-Oaxaca approach to decomposition analysis. Section 3 outlines the 1 A phenomenon that frequently occurs in the case of small samples.
Bayesian approach that is pertinent to the decomposition analysis in this study. Section 4 proceeds to describe the variables and data, and presents the empirical results. Finally, Section 5 closes the paper.
The standard approach to decomposition analysis
Since its popularization by Oaxaca (1973) and Blinder (1973) , wage decomposition methodology has been the standard approach to estimating the extent of labour market discrimination on the basis of gender, race and/or ethnicity. Empirically, researchers attempt to apportion the gross wage [income] differentials among demographic groups into three components that represent the characteristics effect, the coefficients effects and the residual effects. The coefficients effect is interpreted as an estimate of the labour market discrimination coefficient.
Characteristically, the Blinder-Oaxaca decomposition of wage differentials between two demographic groups, which we label j=1 [Roma in the context of this study] and j=2 [nonRoma] , is based on semi-log linear regressionships shown in Eq.
(1) .5 0.5 β β β * = + (Reimers 1983) . 3 If in the absence of discrimination Roma and non-Roma would receive identical returns for the same characteristics, and differences in wages would thus be due only to differences in pay-related characteristics, then this coefficients effect can be interpreted as the part of the log wage differential due to discrimination. This is the essence of the Blinder-Oaxaca approach (Neumark 1988 
where the noise variance estimates 2 1ε
σ and 2 2ε
σ are typically constructed using the leastsquares residuals from the group 1 (Roma) and group 2 (non-Roma) regressions.
A Bayesian approach
In a Bayesian setting, we can replace the scalar quantities C, D and R representing the characteristics, discrimination and residual effects with samples from the posterior distribution constructed using Markov Chain Monte Carlo (MCMC) estimation, as proposed by Radchenko and Yun (2003) . This approach produces a sample of MCMC draws for the parameter vectors 1 β and 2 β that reflect the entire posterior distribution for these parameters.
These draws can be used to construct the complete posterior distribution for the characteristics, coefficient and residual effects that are of interest in the wage differential decomposition analysis. But this approach does not overcome sensitivity to outliers or nonconstant variance that often arises in small samples of individuals' wages obtained from a household survey.
Following Keith and LeSage (2004) we rely on an extension of the Bayesian regression model
by Geweke (1993) , given by
This Bayesian variant of the regression model introduces a set of variance scalars 1 ( ,..., )
representing unknown parameters to be estimated. These variance scalars can accommodate heteroscedastic disturbances and/or outliers.
In accordance with Keith and LeSage (2004) we use the following prior distributions for the
where the prior distributions are indicated using (.) π . Given the small sample sizes typically encountered in wage decomposition studies, non-informative prior assignments seem reasonable for j β and j σ in our study. j β is assigned a normal conjugate prior, which can be made almost diffuse by setting the vector of the prior means 0 The conditional posterior density for j β takes the form of a multivariate normal with mean and variance-covariance given by
, then the conditional posterior density for j σ takes the form of a
The posterior distribution of j V conditional on ( , )
Finally, it is worth noting that we draw a value for the hyperparameter r from the prior The UNDP survey does not provide information on actual wages but on income. Income may include diverse sources of non-labour income. Even though we restrict the analysis to those individuals who declared wage income as the main source of income, we are aware that income is not the ideal dependent variable in a Blinder-Oaxaca decomposition framework, and the use of the income variable can seriously bias estimates of the rates of return to education (see Blinder 1973 ).
Position Table 1 about here We use six independent variables to specify the matrix X j (j=1, 2) in Eq. (4a). The full list of variables employed in the analysis is given in Table 1 . Education measured in terms of years of schooling in primary, secondary and higher education is used to control for human capital differencing the Roma and non-Roma population groups. Age is a reasonable proxy for actual work experience. The square of this variable is included to capture decreasing marginal returns to experience. In addition, we use two dummy variables to characterize the occupational status of the individuals. Full time takes the value of one if the individual indicated to work full time, and zero otherwise. High skills is a dummy variable that takes the value of one if the individual is engaged in a skilled (blue or white collar) occupation, and zero otherwise. Finally, a gender dummy is taken to control for gender-specific effects. Table   2 shows the average differences in characteristics between Roma and non-Roma in the respective countries.
Position Table 2 about here Table 3 summarizes the country-specific results of the decomposition analysis, using a sample of q=12,500 MCMC draws, with the first 2,500 excluded for start-up 5 . The first four columns present the parameter estimates of the Bayesian semi-log regression models for the two ethnic Position Table 3 about here We used MATLAB Version 7.0 and the public domain MATLAB function 'ols_g' from LeSage's Econometrics Toolbox to generate the draws. This public domain set of econometric algorithms can be found at www.spatial-economtrics.com. 6 The standard deviations were calculated using the sample of 10,000 MCMC draws. Statistical significance is ascertained using Bayesian p-level calculations that are Bayesian equivalents to t-statistics.
Kosovo, but not in the other three countries. These results can also be seen from inspecting Figure 1 , a graphical illustration of the posterior distribution of the Bayesian MCMC estimates for the country-specific characteristics and discrimination effects along with their highest posterior density (HPD) regions. These densities are based on a kernel density estimate constructed using the MCMC draws.
Position Table 4 about here
Next we look at characteristics and coefficients effects of each variable, that is, at detailed decompositions as given in the final four columns of Table 3 . There is no consistent pattern of the two effects across the countries. Although there are not many significant individual discrimination effects based on the hypothesis test, it appears, nevertheless, worthwhile to point to some country-specific features.
In Albania, the aggregate characteristics and coefficients effects explain 54.5 Bulgaria: About 90 percent of the log income differences (0.459) between non-Roma and Roma groups is explained through differences in characteristics (education, skilled occupation), and through differences in returns to those differences (education). This suggests that differences in endowments do indeed explain a large fraction of the observed differences in income between non-Roma and Roma groups in this country. Much of this reflects huge differences in educational endowments and access to education.
Croatia:
The aggregate discrimination effect identified for this country is not significantly different from zero, but the aggregate characteristics effect is. This effect largely contributes to the ethnic income differential. At the individual variable level, we have two strongly significant individual characteristics effects (education and full time work) and two weakly significant individual discrimination effects: Work experience and work experience to the square in 100 that captures decreasing marginal returns to work experience. Note that these discrimination effects appear to matter most.
Kosovo:
The aggregate characteristics and coefficients effects explain 32.2 and 67.8 percent of the log income difference, respectively. This clearly indicates that discrimination effects are highest in this country where Roma poverty is highest among the five countries. Four individual characteristics effects (work experience, work experience to the square, high skills and gender) and one individual discrimination effect (full time) are statistically significantly different from zero. The full time variable largely contributes to widening the income differential.
Serbia: As in Bulgaria and Croatia, we see here an aggregate discrimination effect estimate that is statistically not significantly different from zero. And again as in Bulgaria, the income gap between Roma and non-Roma is largely explained through differences in education and differences in return to these differences.
Finally, it should be noted that the contributions of the individual variables to the aggregate coefficients (discrimination) effects are not invariant with respect to the choice of reference groups for dummy variables (see Oaxaca and Ransom 1999 for this identification problem).
With a different normalization, the coefficients effects showing the contributions of each of the variables (full time, high skills and gender) to discrimination could change. Fortunately, however, the overall decomposition and the individual characteristics effects are invariant with respect to the choice of left-out reference groups (see Oaxaca and Ransom 1999).
Closing remarks
In this study, we used the robust Bayesian approach suggested by Keith and LeSage (2004) Labour market discrimination is apparently an important factor in explaining income differences among Roma and non-Roma groups in these two countries. But differences in measured characteristics and not labour market discrimination against Roma, are the overwhelming reason for the shortfall in incomes for Roma in Bulgaria, Croatia and Serbia.
Of course, discrimination outside the labour market may affect the acquisition of human capital (i.e. education) by Roma and lead to differences in observed characteristics. Moreover, discrimination in the labour market, as it affects the returns to education, may induce some differences in educational attainment. Hence, discrimination may have indirect effects on incomes, as well as the direct effects estimated in this paper. 
